Abstract: In China's Northern Silk Road (CNSR) region, dozens of frontier passes built and fortified at critical intersections were exploited starting at approximately 114 B.C. to guarantee caravan safety. Understanding the pattern of these pass sites is helpful in understanding the defense and trading system along the Silk Road. In this study, a scale optimization Binary Logistic Regression (BLR) archaeological predictive model was proposed to study the spatial pattern of CNSR frontier passes for understanding the critical placement of ancient defense and trading pass sites. Three hundred and fifty sample locations and 17 natural proxies were input into the model. Four strongly correlated factors were reserved as independent variables to construct the model, which was validated by 150 surveyed data and Kvamme's Gain statistics. According to the variable selection and model optimization, the best spatial scale varies with the stability of the variables, such as 50 m and 1000 m, respectively, for the terrain and non-terrain variables. Clustering characteristics were identified with division overlapped with a 400 mm precipitation line using the site sensibility map. The high and medium probability areas were assembled along the Great Wall and the CNSR routes, especially in the western part, revealing that the model is also helpful to reconstruct the Silk Road routes.
Introduction
Frontier passes are strategically situated and difficult to access. They are typically built on ancient borders or ancient critical intersections, fortified, and guarded by troops. During the cold weapon era, which includes the Chinese Shang (1600-1046 B.C.) to Song (960-1279 A.D.) dynasties, hundreds of impregnable frontier passes, including fortified mountain passes, Great Wall passes, barrier plugs, forts, and ferries, were constructed to defend against nomadic tribes [1] . From the start of the firearms era, particularly during the Ming Dynasty (1368-1644 A.D.), most frontier passes were renovated from defense forts into custom stations or border markets to impose trade control and taxes. The Silk Road (Seidenstraße in German), first named by the German geographer Ferdinand Freiherr von Richthofen in 1877 [2, 3] , consists of a series of ancient trade and cultural transmission routes that pass through regions of the Asian continent and connect the West and East, from China to the Mediterranean Sea [4] . Tens of frontier passes were built and staffed with troops in the region of China's Northern Silk Road (CNSR) near the ancient northern frontier [5] . These passes served both to guard territory and to 
Materials
Generating the database used in APMs required the collection and compilation of geographical spatial data and archaeological data, which are described below.
General Geographical Spatial Data
Geographical spatial data for elevation, hydrology, land cover, and soils were acquired to develop the independent variables for the model.
Five land cover products, including the International Geosphere Biosphere Programme (IGBP)
global land cover dataset (IGBP-DISCover) Version 2 [32] , global land cover for the year 2000 (GLC2000) [33] , the University of Maryland (UMd) land cover dataset [34] , the MODerate resolution Imaging Spectroradiometer (MODIS) global land cover [35, 36] , and the WESTDC land cover product 2.0, as well as soil classes based on the United Nations Food and Agriculture Organization (FAO90) from the Harmonized World Soil Database (HWSD), version 1.1, were provided by the Cold and Arid Regions Science Data Centre at Lanzhou, which maintains a web portal [37] to distribute these datasets and was the source for all the geographic information system (GIS) data layers used in this research. The 30-meter Global Land Cover Dataset (GL30) collected by the National Geomatics Centre of China and Map World [38] was also explored. 2. Hydrology and administrative boundary data were extracted from 1:4,000,000 national GIS data. The intermittent and perennial stream lines from Diva data [39] were also used to analyse the impact of water on site distribution.
Advanced Spaceborne Thermal Emission and Reflection Radiometer Global Digital Elevation
Model version 2 (ASTER GDEMV2) [40] data for the study area were also obtained and applied to extract terrain-independent variables, such as elevation, slope, aspect, curvature, and trend surface data to calculate water flow distances. 
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Five land cover products, including the International Geosphere Biosphere Programme (IGBP) global land cover dataset (IGBP-DISCover) Version 2 [32] , global land cover for the year 2000 (GLC2000) [33] , the University of Maryland (UMd) land cover dataset [34] , the MODerate resolution Imaging Spectroradiometer (MODIS) global land cover [35, 36] , and the WESTDC land cover product 2.0, as well as soil classes based on the United Nations Food and Agriculture Organization (FAO90) from the Harmonized World Soil Database (HWSD), version 1.1, were provided by the Cold and Arid Regions Science Data Centre at Lanzhou, which maintains a web portal [37] to distribute these datasets and was the source for all the geographic information system (GIS) data layers used in this research. The 30-meter Global Land Cover Dataset (GL30) collected by the National Geomatics Centre of China and Map World [38] was also explored.
2.
Hydrology and administrative boundary data were extracted from 1:4,000,000 national GIS data. The intermittent and perennial stream lines from Diva data [39] were also used to analyse the impact of water on site distribution.
3.
Advanced Spaceborne Thermal Emission and Reflection Radiometer Global Digital Elevation Model version 2 (ASTER GDEMV2) [40] data for the study area were also obtained and applied to extract terrain-independent variables, such as elevation, slope, aspect, curvature, and trend surface data to calculate water flow distances.
4.
The landform type and Average annual precipitation data set were applied to analyse the pattern of the frontier passes and provided by Data Centre for Resources and Environmental Sciences, Chinese Academy of Sciences (RESDC) [41] .
Archaeological Data
The State Administration of Cultural Heritage (SACH) maintains an official record of the pass sites of the Ming Dynasty Great Wall based on the "Ming Dynasty Great Wall Investigation" undertaken by the National Administration of Surveying, Mapping, and Geoinformation [42] . We also used the Han Dynasty Great Wall collection by Luo [43] , which is based on archeological materials, as a source. The frontier pass data were obtained through investigation and from existing research references [5, 44] . In the study area, 86 recorded CNSR frontier passes, including the Great Wall gateways and main forts, were collected and used as sample data. In these passes, Yang pass has been destroyed and not preserved since the Tang Dynasty, so its location was set at Hongshan gateway according to existing research references. The other 85 passes are preserved today. All of the passes located in Xinjiang Uyghur Autonomous Region, Gansu Province, Ningxia Hui Autonomous Region, Shaanxi Province, and Henan Province are listed in Table 1 and labeled in Figure 1 . Due to the trade connection along the Silk Road, an associated and complex natural ecosystem was formed [45] . At a macro scale, the whole study area can be considered physiographically homogeneous, which is the underlying premise of the archaeological predictive model proposed by Kvamme [46] .
There are three types of APMs model: deductive, inductive, and hybrid [47, 48] . The prior-knowledge-based theoretical or deductive models that use intuition or deductive reasoning to model the relationships between archaeological sites and the landscape, such as the gravity model based on anthropological theory and the location-allocation (LA) model. The empirical or inductive models use statistical techniques to determine quantitative relationships between site locations and the environment, such as the multivariate statistical model with regression and decision functions. The decision tree model belongs to the theoretical and empirical hybrid model. APMs models were initially applied in archaeological settlement research to reveal correlations between circumstances and settlement locations. Since then, inductive models have been successfully applied in European, Asian, and American archaeology to reveal correlations between site distribution patterns and circumstances. The inductive model is a multivariate analysis method used to analyse the correlations between the independent and dependent variables and calculate the probability of an event occurrence. It avoids analysing the hypothesis and is feasible to analyse practical problems with natural proxies [49] . Kvamme's research demonstrated that the BLR model is much more stable than other statistical methods used to create inductive predictive models [46] . Thus, in this study, the Binary Logistic Regression (BLR) model, as an inductive APM, is used.
In this research, the thematic data, which included elevation of ASTER GDEMV2, soil type, water distribution, and land cover of the frontier pass sites, were preprocessed as model input. Original independent variables were set based on these geospatial data, and the dependent variable was the occurrence probability of pass sites. Based on the multivariate analysis with logistic regression model and model optimization with Wald's backward stepwise selection, a site sensibility map was generated after applying the model to the unsurveyed area. The test data and Kvamme's Gain statistics were used to validate the model. The procedure is shown in Figure 2 .
In this research, the thematic data, which included elevation of ASTER GDEMV2, soil type, water distribution, and land cover of the frontier pass sites, were preprocessed as model input. Original independent variables were set based on these geospatial data, and the dependent variable was the occurrence probability of pass sites. Based on the multivariate analysis with logistic regression model and model optimization with Wald's backward stepwise selection, a site sensibility map was generated after applying the model to the unsurveyed area. The test data and Kvamme's Gain statistics were used to validate the model. The procedure is shown in Figure 2 . 
Model Variables
To obtain practical predictive results, the selection of independent variables takes the impact factors of site presence and distribution into account. The 17 independent variables shown in Table 2 are selected based on prior theoretical research and archaeological field work [42] . Among these variables, the terrain variables include aspect, slope, curvature, plane curvature, and profile curvature. The relative datasets are calculated using the ASTER GDEMV2 elevation data. The non-terrain variables include distances to water, soil type, and land cover type. The distances to water are also analysed based on the terrain surface trends. The categorical variables, including the land cover and soils, were recoded and handled as dummy variables in the models. The class values of the land cover and soils were reclassified into 5 classes and 14 classes, respectively, considering the input data number and recoded into 4 binary dummy variables and 13 dummy variables, respectively, for the model. The soil class recoding was based on the soil order of FAO90. The land-cover class recoding index table is shown in Table 3 with the new recoded class ID 1 for forest 
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In this study, the dependent variable for the BLR model is the site occurrence probability P (the range of P is [0, 1]), and 1 − P is the probability of site absence. The ratio of 1/(1 − P) is transformed by the logit transformation into ln (1/(1 − P)) and ranges from (−∞, +∞). The linear regression equation of logit P is
where, x i is the independent variable, and α i denotes the unknown regression coefficients to be calculated. However, APMs assume that the environmental factors that influence settlement choices are accurately represented in modern maps of environmental resources. The primary critique on the use of geographic data as predictor variables involves the reliability of available spatial datasets to accurately represent past environmental conditions. In fact, the reliability and accuracy of the final result depend on the spatial-temporal scale of the geospatial data. To express the impact on the predictive results of geospatial data, the spatial-temporal scale domain D S should be imported into the model optimization
Limited by the model input data timeliness, only the spatial scale is considered here. Because there is correlation among the terrain or non-terrain variables listed in Table 2 , two scale domains S terrain , S non−terrain are set separately for the terrain variables and non-terrain variables, and Equation (3) is obtained as follows:
Although D terrain , D non−terrain are continuous space domains, the domains were dispersed into 1000 m, 750 m, 500 m, 250 m, 100 m, and 50 m in practice. The input datasets for all of the variables were extracted at different scales for the site and non-site points to fit this improved BLR model. The backward stepwise selection method was used to screen the independent variables with different scales based on Wald's test and Likelihood Ratio tests. All of the dummy variables were entered together, and the last variable was set as the reference class to compare the significant correlation between the other variables and site existing. The importance of each explanatory variable was assessed by the significance of the regression coefficients for different spatial scales. The error of the BLR model obeys a binomial distribution rather than a normal distribution.
The result of model optimization is given by
).
A site sensibility map was generated in which each parcel in the study area was assigned a probability score. Each individual probability score was derived from the environmental characteristics of the parcel using Equation (4).
Model Assessment
Except for the test data validation, Kvamme's Gain Statistics [50] is also a simple and practical method to verify the accuracy of a site prediction model:
where, in Equation (5), P r and P t are the area percentage and the number percentage for each probability level, respectively. A Kgain value close to 1 indicates that the model has strong predictive capability. In contrast, a Kgain value close to 0 indicates that the model has nearly no predictive ability. Finally, a Kgain value lower than 0 indicates that the model has reverse predictive ability: it can predict that a site does not exist.
Results
For the improved BLR predictive model, in the study area, 350 sample points, including 56 site and 294 confirmed non-site points used as training data, and 150 sample points, including 30 site points and 120 confirmed non-site points used as test data, were used to validate the model. Both the sample data and test data are distributed evenly. The model's dependent variables are equal to 1 for site points and 0 for non-site points.
Model Optimization Result
There are only four recoded land-cover classes for site and non-site points and no points located in the city class; therefore, three dummy variables for GLC2000_LC were handled in the model. Through the significance tests, the variables shown in Table 4 , ELE, SLO, and GLC2000_LC, including GLC2000_LC(1), GLC2000_LC(2), GLC2000_LC(3), and DS_PS, were reserved as the final inputs of the model. After backward stepwise variable selection, the best spatial scales are 50 m and 1000 m, respectively, for terrain and non-terrain variables. The input data of elevation, slope, land cover, recoded land cover, and distance to perennial streams are shown in Figure 3 . ability: it can predict that a site does not exist.
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The statistical results of the model are listed in Table 4 . B denotes the regression coefficients,
Wald represents Wald's 2  statistics, Sig is the significance level, and Exp (B) is the odds ratio.
The significance levels of all of the terrain variables, GLC2000_LC(1) and GLC2000_LC (2), are all below 0.05, which means they are correlated with the occurrence probabilities of CNSR frontier pass sites, while the significance level is a little higher than 0.1, that is, compared with GLC2000_LC(3), the vegetation classes are much more correlated with the site existing probabilities. The statistical results of the model are listed in Table 4 . B denotes the regression coefficients, Wald represents Wald's χ 2 statistics, Sig is the significance level, and Exp (B) is the odds ratio. The significance levels of all of the terrain variables, GLC2000_LC(1) and GLC2000_LC (2) , are all below 0.05, which means they are correlated with the occurrence probabilities of CNSR frontier pass sites, while the significance level is a little higher than 0.1, that is, compared with GLC2000_LC(3), the vegetation classes are much more correlated with the site existing probabilities.
Site Sensibility Map
The site sensibility map was generated to label the probability of a pass existing. Jenks' natural breaks were applied to classify the probability values into low (0-0.22), moderate (0.22-0.59), and high (0.59-0.90 and 0.90-1) grades. The higher the grade value, the higher the probability of pass site occurrence. Figure 4 shows the CNSR frontier pass site sensibility map with the grade values.
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The site sensibility map was generated to label the probability of a pass existing. Jenks' natural breaks were applied to classify the probability values into low (0-0.22), moderate (0.22-0.59), and high (0.59-0.90 and 0.90-1) grades. The higher the grade value, the higher the probability of pass site occurrence. Figure 4 shows the CNSR frontier pass site sensibility map with the grade values. 
Model Assessment
A quantitative model assessment was conducted to validate the model using 350 input points and 150 test points. The resulting accuracy is shown in Table 5 . Normally, a logical and repeatable inductive quantitative model should offer good performance in predicting archaeological site locations with accuracy in the range of 70-85% [51] . In this study, the overall prediction accuracy of the improved BLR model for the input data was 86.7%, in which site prediction precision was 89.3% and non-site prediction precision was 86.4% (the threshold was 0.5; when probability values are greater than 0.5, the points are considered to be sites, otherwise they are considered non-sites). For the test data, the total accuracy was 89.3% and the site prediction precision was 86.7%. The accuracy of the site predictive models is acceptable.
Kvamme's gain values for each probability level in the reclassified sensibility map were also calculated and are shown in Table 6 . Table 6 shows that the high probability area accounts for 22.02% of the entire study area and 74.42% of sites with a Kvamme's gain value of 0.70. This indicates that the model could effectively identify high-probability regions.
Discussion

Spatial-Temporal Scale and Model Reliability Analysis
It is shown that different variables had different scales for the scale optimization BLR model. For the terrain variables in this study, including ELE, SLO, CUR, PLC, PRC, DS_IS, DS_PS, and DS_4S, different spatial scales (1000 m, 750 m, 500 m, 250 m, 100 m, and the original 50 m) were used to fit the model. The regression coefficients and the accuracy of the final input independent variables after backward stepwise selection are listed in Table 7 and Figure 5 . From the result, it is also demonstrated that terrain variables are relatively stable through time, that is, terrain changed not a lot and is similar to that in a paleo-environment. Land cover and hydrology variables vary over time and are influenced by paleo-climate and paleo-environment. For land cover and water distribution, the essential question is: How relevant are the 'distance to water' and land cover variables if the course of rivers or the type of land cover has changed over time? From previous cases in which predictive models were successfully applied, there are two supporting concepts for these questions: choosing areas with slow temporal changes and proper spatial scales for the environmental conditions [11, 52] . From Table 7 and Figure 5 , for terrain variables, the finer the resolution of the terrain data is, the higher the accuracy of the predictive model will be. The slope variable value changed from 0.090 to −0.093, because slope is more sensitive than other terrain factors to different spatial scales. Note that all of the accuracy values for all of the schemes are above 86% and the regression coefficients for the same terrain variables in the different schemes are similar, which means that the predictive model is relatively stable.
For non-terrain variables, such as land cover, smaller parcels better reflect the site distribution pattern of the study area at a macro scale. Land cover data with a parcel size of 1000 m were finally reserved on the basis of variable selection compared with land cover data with larger parcel sizes. Experiments demonstrated that land cover data with an original parcel size of 1000 m do not provide the same results as land cover data resampled from a higher resolution. The 1000 m land cover data obtained from low-resolution remote sensing image interpretation is much more useful for CNSR pass site prediction. Furthermore, using the best land cover scale of 1000 m and a terrain scale of 50 m, different land cover data were also compared. The result showed that the accuracies of IGBP, MODIS, UMd, and WESTDC land cover data with parcel sizes of 1000 m all reached 84%, only slightly lower than that reached using the GLC2000 data. This demonstrates that all land cover data with a parcel size of 1000 m can be used to construct predictive models of CNSR frontier pass sites.
For non-terrain variables, such as water distribution, five combination schemes with different spatial scales were tested. The accuracy values from these different schemes are listed in Table 8 . All of the listed combinations of distances to streams were provided as input to the model, while the distance to perennial streams or streams (4th order and higher) was reserved as the final input variable. When the distance to all streams (merging perennial streams and intermittent streams) are input to the model as the only water input variable, the accuracy decreases by between 9.23% and 16.15%. Perennial streams or headwaters change much more slowly than intermittent streams. As a result, the perennial streams or headwaters from modern maps can be used to predict frontier pass site locations. This result also demonstrates that perennial streams or headwaters have a stronger impact on site location than do intermittent streams or all streams, which supports the theory that the ancient CNSR frontier passes were built while considering the long-term water supply available for both caravans and troops by channelling water from non-seasonal streams.
From the result, it is also demonstrated that terrain variables are relatively stable through time, that is, terrain changed not a lot and is similar to that in a paleo-environment. Land cover and hydrology variables vary over time and are influenced by paleo-climate and paleo-environment. For land cover and water distribution, the essential question is: How relevant are the 'distance to water' and land cover variables if the course of rivers or the type of land cover has changed over time? From Table 7 and Figure 5 , for terrain variables, the finer the resolution of the terrain data is, the higher the accuracy of the predictive model will be. The slope variable value changed from 0.090 to −0.093, because slope is more sensitive than other terrain factors to different spatial scales. Note that all of the accuracy values for all of the schemes are above 86% and the regression coefficients for the same terrain variables in the different schemes are similar, which means that the predictive model is relatively stable.
For non-terrain variables, such as water distribution, five combination schemes with different spatial scales were tested. The accuracy values from these different schemes are listed in Table 8 . All of the listed combinations of distances to streams were provided as input to the model, while the distance to perennial streams or streams (4th order and higher) was reserved as the final input variable. When the distance to all streams (merging perennial streams and intermittent streams) are input to the model as the only water input variable, the accuracy decreases by between 9.23% and 16.15%. Perennial streams or headwaters change much more slowly than intermittent streams. As a result, the perennial streams or headwaters from modern maps can be used to predict frontier pass site locations. This result also demonstrates that perennial streams or headwaters have a stronger impact on site location than do intermittent streams or all streams, which supports the theory that the ancient CNSR frontier passes were built while considering the long-term water supply available for both caravans and troops by channelling water from non-seasonal streams. 
Contribution Factor Analysis
From the final predictive model, the spatial distribution of the CNSR frontier passes is correlated with elevation, slope, land cover, and distance to perennial streams data. The independent variable statistical results are shown in Figure 6 . The curve of the reserved input variables is fixed by a moving average of the site frequencies taken two bins at a time. [11, 52] . 
From the final predictive model, the spatial distribution of the CNSR frontier passes is correlated with elevation, slope, land cover, and distance to perennial streams data. The independent variable statistical results are shown in Figure 6 . The curve of the reserved input variables is fixed by a moving average of the site frequencies taken two bins at a time. From Figure 6 , the predictive model of CNSR frontier pass sites is remarkably well-correlated with the terrain. The average elevation and the slope are 1389.96 m and 5.96° for the site points, respectively, while they are 2484.97 m and 10.16° for the non-site points, respectively. All of the frontier pass sites were also added on the climate landform type map in Figure 7 and the climate landform types for Figure 7 are listed in Table 9 . Over 60% of the site points are located at altitudes between 1000 m and 1700 m, with gentle slopes below 6°. Most of the passes are located near the water sources, especially in the Guannei part from the local window of Figure 4 . The western From Figure 6 , the predictive model of CNSR frontier pass sites is remarkably well-correlated with the terrain. The average elevation and the slope are 1389.96 m and 5.96 • for the site points, respectively, while they are 2484.97 m and 10.16 • for the non-site points, respectively. All of the frontier pass sites were also added on the climate landform type map in Figure 7 and the climate landform types for Figure 7 are listed in Table 9 . Over 60% of the site points are located at altitudes between 1000 m and 1700 m, with gentle slopes below 6 • . Most of the passes are located near the water sources, especially in the Guannei part from the local window of Figure 4 . The western frontier pass sites near the historical national borders are located in the area of the arid and semi-arid climate landform labelled with 6C, 9C, and 10C. The frontier pass sites in the eastern part with the monsoon climate landform are mainly located in the hills and mountains labelled with 9A, 10A, and 11A. Most of the frontier pass sites are located among different landforms and under erosion circumstances. That is because the frontier passes are always distributed in "easy to defend and hard to attack" regions, such as mountainous valleys near water, or in the Gobi where it is easier to control the main routes and build city walls.
(d) Figure 6 . Independent variable statistical results: (a) elevation, (b) slope, (c) land cover, and (d) distance to perennial streams.
From Figure 6 , the predictive model of CNSR frontier pass sites is remarkably well-correlated with the terrain. The average elevation and the slope are 1389.96 m and 5.96° for the site points, respectively, while they are 2484.97 m and 10.16° for the non-site points, respectively. All of the frontier pass sites were also added on the climate landform type map in Figure 7 and the climate landform types for Figure 7 are listed in Table 9 . Over 60% of the site points are located at altitudes between 1000 m and 1700 m, with gentle slopes below 6°. Most of the passes are located near the water sources, especially in the Guannei part from the local window of Figure 4 . The western frontier pass sites near the historical national borders are located in the area of the arid and semi-arid climate landform labelled with 6C, 9C, and 10C. The frontier pass sites in the eastern part with the monsoon climate landform are mainly located in the hills and mountains labelled with 9A, 10A, and 11A. Most of the frontier pass sites are located among different landforms and under erosion circumstances. That is because the frontier passes are always distributed in "easy to defend and hard to attack" regions, such as mountainous valleys near water, or in the Gobi where it is easier to control the main routes and build city walls. Furthermore, the areas with high probability are all located near perennial streams. Although intermittent streams are important for the desert-oasis routes-especially in the western sections-perennial streams and headwaters are still the main water sources for the CNSR frontier pass sites. As an important defense system in ancient China, the frontier passes tended to be located at regions with adequate long-term water supplies; consequently, as the distance from perennial streams increases, the occurrence probability of pass sites decreases, which agrees with our knowledge. From the model, the distances to perennial streams were selected as independent variables rather than the distances to intermittent streams or to all streams. The average distance to perennial streams for pass sites is 6.13 km, whereas for non-sites that distance is 33.94 km. Some 78.57% and 62.5% of sites are respectively located within 10 km of perennial streams. In addition, the final predictive model was negatively correlated with the land-cover class recoded value from GLC2000. From the statistical results, the main land-cover classes for sites are grassland, cultivated land, and forest or shrublands, while gravel and desert are the main classes for non-site data, especially in the western part of the study area. In other words, most of the confirmed CNSR frontier pass sites are mainly distributed in natural surface regions that are covered by vegetation today. Furthermore, the areas with high probability are all located near perennial streams. Although intermittent streams are important for the desert-oasis routes-especially in the western sections-perennial streams and headwaters are still the main water sources for the CNSR frontier pass sites. As an important defense system in ancient China, the frontier passes tended to be located at regions with adequate long-term water supplies; consequently, as the distance from perennial streams increases, the occurrence probability of pass sites decreases, which agrees with our knowledge. From the model, the distances to perennial streams were selected as independent variables rather than the distances to intermittent streams or to all streams. The average distance to perennial streams for pass sites is 6.13 km, whereas for non-sites that distance is 33.94 km. Some 78.57% and 62.5% of sites are respectively located within 10 km of perennial streams. In addition, the final predictive model was negatively correlated with the land-cover class recoded value from GLC2000. From the statistical results, the main land-cover classes for sites are grassland, cultivated land, and forest or shrublands, while gravel and desert are the main classes for non-site data, especially in the western part of the study area. In other words, most of the confirmed CNSR frontier pass sites are mainly distributed in natural surface regions that are covered by vegetation today.
Pattern Analysis of CNSR Frontier Pass Distribution
The theoretical basis of predictive modelling depends on two factors: non-random human behaviour and environmental factors. The spatial patterns of archaeological sites can be used to explore the relationships between ancient human activity locations and the distribution of certain environmental resources [53] [54] [55] .
1. According to the site sensibility map in Figure 4 , the distribution of CNSR frontier passes has clustering characteristics: the high site probability region is mainly located in the east and
1.
According to the site sensibility map in Figure 4 , the distribution of CNSR frontier passes has clustering characteristics: the high site probability region is mainly located in the east and north, and the low probability region is mainly in the west or south with the division overlapped with the average annual precipitation of 400 mm. These characteristics are consistent with the pass site distribution; eastern is dense and western is rare. The pass-dense region is also called "Guanzhong" or "Guannei" and belonged to the territory controlled by most ancient Chinese dynasties. Otherwise, it is interesting to note that the Great Wall frontier pass line nearly overlaps the division of precipitation of 400 mm in Shaanxi province as shown in the local view window of Figure 8 . This may be because these Great Wall frontier passes were fortifications that protected the more livable central plains from the nomadic tribes, particularly from attacks by the Huns.
2.
Although passes are rare in the western part, only one site in Xinjiang Uyghur Autonomous Region and four sites west of Jiayu Pass, and in the vicinity of the Great Wall or the Silk Road, were not used as model inputs either. The areas with high and moderate probability in the sensibility map are spatially overlapped with the Han Great Wall section (from Yumen pass to Jiayu pass) and with three western parts of the CNSR routes, as shown in Figure 4 . This result demonstrated that the improved BLR model was able to reveal the spatial correlation characteristics of frontier passes and the Great Wall, and could be used to reconstruct ancient trade routes.
were not used as model inputs either. The areas with high and moderate probability in the sensibility map are spatially overlapped with the Han Great Wall section (from Yumen pass to Jiayu pass) and with three western parts of the CNSR routes, as shown in Figure 4 . This result demonstrated that the improved BLR model was able to reveal the spatial correlation characteristics of frontier passes and the Great Wall, and could be used to reconstruct ancient trade routes. 
Conclusions
Reconstructing and investigating the Silk Road historical environment is a great challenge, and it requires systematic research at both spatial and temporal scales [56] . Understanding the relationships among the punctate distribution of frontier pass sites, the linear distribution of the Figure 8 . Division of low and moderate-to-high probability CNSR frontier pass areas compared with the average annual precipitation line and the Great Wall.
Reconstructing and investigating the Silk Road historical environment is a great challenge, and it requires systematic research at both spatial and temporal scales [56] . Understanding the relationships among the punctate distribution of frontier pass sites, the linear distribution of the Great Wall and Silk Road routes, and the zonal distribution of the Silk Road Economic Belt is helpful in fully understanding the Silk Road ecosystem and for the protection of these historical remains. In this study:
1.
APMs can be used as a pattern tool for macro-scale site distribution and a temporal-spatial scale can be imported into the APMs [57, 58] . An improved BLR model with spatial-scale optimization was successfully constructed and validated to analyze the spatial distribution of CNSR frontier passes in this study. The high probability areas identified through the study were helpful for further archaeological interpretation and archaeological validation.
2.
Through spatial-temporal analysis, the best spatial scale should be considered and the best parcel size selection varies with the stability of the variables. Selecting resources that change slowly, such as perennial streams connected with site locations, is helpful in reconstructing ancient environments using modern data. The best scale spatial for the terrain variables and the non-terrain variables are 50 m and 1000 m, respectively. 3.
Based on the variable selection, the elevation, slope, land cover, and distances to perennial streams were identified as the independent variables used to construct the model. An assessment of the model from the sample data and Kvamme's gain statistics verified that the predictive model can effectively identify regions with a high probability of pass site occurrences, and it is able to reveal correlations between the pass sites and natural proxies. 4.
The distribution of CNSR frontier passes has clustering characteristics; the high probability area was mainly located in the east, and the division between the low and moderate-to-high areas coincides with the 400 mm precipitation contour. In the site sensibility map, the high and medium probability areas cover the Great Wall and the CNSR routes, especially the western parts. The predictive model for archaeological sites was shown to be helpful for analysing the spatial distribution pattern of CNSR pass sites used for both military defense systems and as trade control stations.
